Although ongoing technological advances have alleviated data restrictions and most of the computational barriers to distributed modelling, lumped, parsimonious, conceptual and rainfallrunoff models are still widely used for flood forecasting. 
INTRODUCTION
() suggest that some climate models may underestimate extreme precipitation events and that these events may intensify quicker and have more severe impacts than projected. Pall et al. () looked at the contribution of anthropogenic greenhouse gases to flood risk and concluded that these gases 'substantially increased' the flooding risk in England and Wales. The climate of Ireland is expected to change dramatically by 2050 with wetter winters and drier summers. In the winter months, rainfall events are predicted to be longer in duration and in the summer, less frequent but more intense events will occur (Dunne et al. ) . Both situations will lead to an increase in flood risk in both winter and summer and flood forecasting will become even more important as part of an integrated flood risk management strategy.
Rainfall-runoff models are key elements for flood forecasting and understanding their functional behaviour and limitations is essential to engender trust in the model and confidence in its output. Lumped rainfall-runoff models have, in some cases, shown advantages over spatially distrib-forecasting, due to the effort involved in the setup of more complex models. Bell & Moore () The maximum soil moisture storage capacity (Z; sum of water depths of all layers) varies between 25 and 125 mm (see Table 1 ). A multiplier T is used to convert the PE to potential evapotranspiration (PET) for the entire catchment. The PET demand is firstly subtracted from rainfall input and water evaporates from the soil layers only when this is insufficient to satisfy the PET demand or when there is no rainfall.
Evaporation from the first layer occurs at the PET rate. Evaporation from the lower layers occurs only after the layer above has dried out and occurs at a rate of PET multiplied by C nÀ1 , where n is the layer index and C is the evaporation decay coefficient (<1). Evaporation continues until either the PET demand is satisfied or no soil moisture is left to evaporate.
When rainfall (R) exceeds PET, direct or saturation excess runoff is generated. A fraction H 0 of the excess rainfall X (equals R -PET) contributes to the direct runoff component r 1 . H 0 varies in time between 0 and 1 and is assumed equal to the direct runoff separation coefficient (H ) multiplied by the relative saturation of the catchment according to (W is the soil moisture storage):
Any remaining excess rainfall which exceeds the maximum infiltration capacity (Y ), also contributes, as
Hortonian runoff, to the generated runoff as r 2 . The remaining rainfall after the subtraction of r 1 and r 2 replenishes the soil layers in turn beginning with the upper layer and moving downwards until all the rainfall is accounted for or all the layers are full. Any still remaining surplus is divided into two fractions controlled by a separation coefficient G; the first being the groundwater runoff component r g , and the second being the subsurface runoff r 3 . r 3 is added to r 1 and r 2 to produce the total generated surface runoff r s . The total generated surface runoff is routed through one of a number of possible two-parameter distribution functions, either the gamma distribution with shape parameter (N) and lag parameter (NK), or the Negative Binomial distribution or the Inverse Gaussian distribution (in this study, we use the gamma distribution). The groundwater runoff component, r g, is routed through a single linear reservoir with a storage coefficient parameter (Kg).
The sum of the two outputs of the two routing components is the estimated streamflow.
The SMARG model has nine parameters (see Table 1 Equation (2):
where f 0 is a constant, f i (x i ) is a first order term giving the effect of parameter x i acting independently, f ij (x i , x j ) are second order terms describing the interactive effect of parameters x i and x j on the output f(x). The higher order terms reflect the cooperative effects of increasing numbers of parameters acting together.
The HDMR expansion is computationally efficient if The determination of the higher order component functions are based on the approximation of the component functions by orthonormal basis functions:
where k, l, l' represent the order of the polynomial expansion, α 
).
The total variance is given by Equation (5), which can be further approximated by Equation (6):
The first and second order variances are given by Equations (7) and (8), respectively:
Once the partial variances are determined, sensitivity indices are calculated as follows:
The first order sensitivity index S i measures the effect of variable x i on f (x). The second order sensitivity index S ij measures the strength of the interaction effects of x i and x j on f(x).
To our knowledge, HDMR has drawn little attention in hydrology, however the method has been applied in other fields e.g. chemistry ( 
Metrics for model evaluation
Two different and widely used, metrics for model output evaluation were used to assess the sensitivities of the SMARG model parameters. The Nash Sutcliffe efficiency (NSE) (Nash & Sutcliffe ) has been widely applied in hydrological modelling and is defined as:
where Q o,t is the observed flow for time-step, t, Q m,t is the modelled flow at time-step t, and n is the length of the time series. The second metric used is the mean bias (BIAS) defined as:
These two metrics were chosen as they focus on differ- Table 2 . Table 3 lists the highly sensitive parameters, whose combined first and second order Table 4 , which shows that the SMARG model with the best of the Monte Carlo parameter sets can model the observed hydrograph with some accuracy. However, it should be noted that these are not optimised parameters.
RESULTS AND DISCUSSION

Performance measures
Performance measure 1: Nash Sutcliffe efficiency
The sensitivity analysis of the daily runs of the SMARG model shows that the groundwater separation coefficient (G) is important across all the analysis periods. G controls the ratio of moisture in excess of the soil moisture capacity that goes to either subsurface runoff or groundwater runoff. Thus during the low flow period, the model favours a high value of G so that most excess water passes through the groundwater component. For high flow periods, the value of G may be lower so that the correct proportion of the excess water is routed through both subsurface and groundwater runoff.
As expected, using a daily time-step, the time-lag of the Nash cascade routing (NK) was important for the high flow period but not for the low flow period, as NK along with N controls the shape of the flood hydrograph. The time-lag for the groundwater storage (Kg) was important during both high and low flow periods. Kg controls the recession curve of the groundwater flow and in this catchment groundwater contribution is significant during both wet and dry periods. It is interesting to note the importance of the direct runoff coefficient (H ) during the low flow period, as it was expected to be significant only at the high flows. H controls the division of excess rainfall between surface runoff and/or subsurface flow. During low flow periods, most of the total discharge comes from subsurface flow, so a high H value would result in mostly surface runoff.
In contrast, for the hourly runs, the potential evaporation conversion coefficient (T ) was important across all the analysis periods. In particular, during the low flow period when no significant rainfall events occur, evaporation loss increases, hence the water balance is expected to be influenced by T. In addition, the sensitivity to T for high flow periods is explained by the need to generate sufficient effective rainfall to reproduce the peak discharges. 
Performance measure 2: mean bias
Analyzing the results using daily time-steps with respect to the mean bias for all the analysis periods, the groundwater separation coefficient (G) and the time-lag for the groundwater storage (Kg) were found to be important. This is the same as for the Nash-Sutcliffe criterion and for the same reasons.
For the low flow period, the soil moisture storage capacity (Z), and the potential evaporation multiplier (T ) were also identified as important. The sensitivity of Z for the entire Figure 6 | Effect of PET conversion coefficient (T ) on modelled discharge (daily time-step).
period is due to the temporal variability of the rainfall. In the analysis that uses data for the entire year, there are periods of: (1) low or no rainfall (daily rainfall is less than 0.1 mm day
À1
) and hence only small amounts of moisture in the soil, and (2) periods of high rainfall (daily rainfall is greater than 15 mm day À1 ), in which the soil moisture capacity is reached or exceeded. A high value of Z during the low flow period would result in little or no subsurface or groundwater runoff, so that the model can produce some runoff to match the observed hydrograph. The sensitivity of parameters N and NK for the entire and high flow periods was expected as both parameters control the shape of the hydrographs.
The potential evaporation conversion coefficient (T ) seems to be important for the same reasons as for the NSE for all the analysis periods using hourly time-steps. For the entire analysis period and the low flow period, the soil moisture storage capacity (Z), was also identified as important. There are periods of little rainfall in which the associated discharge is mostly due to subsurface and groundwater runoff, and therefore must allow adequate subsurface and groundwater flow generation to match the observed hydrograph. For the high flow period, the groundwater separation coefficient (G), the time-lag of the Nash cascade routing (NK) and the time-lag for the groundwater storage (Kg) were also identified as important.
Some common traits were identified using the 15-minute runs. These traits were almost identical to those found for the hourly runs with the exception of the timelag of the Nash cascade routing (NK), which was not deemed sensitive for the 15-minute time-step runs.
Dimensionally consistent scaling of parameters
This section highlights the artefacts that can arise with the scaling of parameters between different time-steps. Three sets of optimised parameters are used, one for each timestep. These optimised parameters were then scaled according to their dimension to the other time-steps. Table 5 shows the parameter values used for each time-step. If time is a dimension of the parameter, the parameter value was scaled on the basis of the time-step to ensure comparability. Out of the nine SMARG parameters, only four (Y, C, NK and Kg) required scaling as the others do not have a time dimension. Table 6 shows the percentage of total rainfall accounted for by the six components of the SMARG model (saturation excess runoff (r 1 ), Hortonian runoff (r 2 ), subsurface runoff (r 3 ), groundwater runoff (r g ), soil evaporation and potential evaporation), and Table 7 Table 8 shows the model performance in terms of the NSE and BIAS for each time-step. As expected, models using parameters optimised for a particular time-step out-performed the models using parameters that were optimised for a different time-step and scaled as appropriate. The model using the 15-minute scaled parameters performed well, nearly matching the performance of the model using the optimised hourly parameters for the hourly time-step and out-performed the model using the scaled hourly optimised parameters for the daily model runs. The model performance using the daily parameters dropped as parameters were scaled from daily to 15-minute time-steps (NSE was equal to 0.8 for daily runs and dropped to 0.33 for 15-minute runs). Figure 8 shows the streamflow time series for the daily and 15-minute calibrated model.
The model using hourly calibrated parameters was excluded as it is nearly identical to the 15-minute calibrated model.
This figure also shows the model is able to match the observed hydrograph for all the time-steps considered.
SUMMARY AND CONCLUSIONS
This study used the HDMR tool to calculate the sensitivity indices of the lumped conceptual SMARG rainfall-runoff model and investigate how the parameter uncertainty varied with respect to the modelling time-step and the hydrological regime. Three different flow regimes (high, low and a year of mixed flow period), two evaluation metrics (Nash Sutcliffe efficiency and mean bias) and three different model timesteps (daily, hourly and 15 minute) were used in this analysis.
The parameters that are most influential depend on the time-step and flow regime considered. The consistent insensitivity of the model to the mass balance control parameters (e.g. evaporation decay coefficient (C) and the maximum soil moisture infiltration rate (Y)), indicated by the HDMR results, suggests that the SMARG model may be over parameterised for this catchment. For applications in which the temporal distribution of evaporation and rainfall are important, a smaller time-step interval should be used (provided good quality input data are available).
The study shows that the model output is sensitive to the routing component parameters during high flow periods, while during low flow periods, the soil storage capacity parameter has the most influence. The model parameters are biased towards the range of flow regimes in the calibration period, i.e. model calibration using high flow periods should be used for flood forecasting objectives.
Parameters of a nonlinear conceptual model, optimised at one time-step, should not be extrapolated, even if they are 
